With the contradiction between energy supply and demand around the world, urbanization formed with high-investment, high-consumption, and high-emission has significantly impaired the ecological environment of China. The evaluation of environmental impact is a must for decision-makings related to sustainable urbanization. This paper assessed the dynamic environmental performance of 285 cities in China from 2005 to 2013 based on the Malmquist-Luenberger index, an expanded data envelopment analysis (DEA) model. To ensure comparability among cities, a two-step clustering method was used to classify all cities into three types. From the results, we found (1) 166 and 185 cities' environmental conditions remained the improvement during the research period under the meta-frontier and group frontier respectively. (2) Low and Medium energy intensity cities performed better than high energy intensity cities. (3) The environmental performance under the group frontier was overestimated compared with the meta-frontier. (4) The trends of environmental improvement and economic growth are significantly inconsistent. Overall, all ways to decrease undesirable outputs and increase desirable outputs, such as technological innovation, industrial structure optimization and regional cooperation, should be encouraged to achieve urban, regional and country sustainability.
Introduction
Now more than half of the world's people live in cities [1] , and the proportion is predicted to rise to 66% by 2050 [2] . During urbanization, it is critical to build functional cities to improve both the productivity and the economic efficiency [3] . However, the process of urbanization often brings production activities with high-investment, high-consumption, and high-emission. The contradiction between urban development and ecological environment protection is increasingly intense and therefore gives rise to the evaluation of urban environmental performance. A clear understanding of urban environmental condition could support the decisions for economic sectors [4] .
Existing researches have noticed the importance of environmental outputs and environmental factors have been introduced to evaluate the performance of an economic unit. Some methods such as the balanced expected and unexpected productivity [5] , the balanced scorecard [6] , and questionnaires [7] have been used to evaluate the environmental performance of a company or an economic activity. Additionally, as for a city or region, some methods such as Environmental Performance Assessment (EPA) [8] and fuzzy multi-criteria analysis [9, 10] have been used to assess the environmental impact by identifying the evaluation factors.
However, it is difficult to identify environmental factors of a city specifically because of the characteristics of system integration, multi-stakeholders, and complexity [11] . The general solution
Methodology
Cities are concentrated on human activities which generate interaction between humans and the environment and the interaction drives population agglomeration, economic production, resource consumption and even pollution emission. All of these activities impact the environmental performance of a city. Based on the input-output model, these two-side indicators were identified to evaluate the urban environmental performance in China. In practice, the levels of economic development, production technologies, and policy supports vary in different cities. Therefore, to ensure comparability among cities, a two-step clustering method was used to classify all cities into three types, i.e., low energy intensity city, medium energy intensity city, and high energy intensity city according to the energy consumption per unit of GDP. In three clusters the production technology set of optimal urban environmental performance was chosen to construct three technology frontiers respectively. Additionally, the production technology set of optimal urban environmental performance in all cities was chosen to construct one common technology frontier. Compared with the traditional DEA model, the Malmquist-Luenberger (ML) model is an efficient method to analyze undesirable outputs [18] . The main difference is that directional distance functions are used to construct the ML index but the Shepherd distance functions are used in the traditional DEA model [19] . In this paper, to identify the undesirable environmental impact, the meta-frontier ML index was used to develop a dynamic evaluation model of urban environmental performance in China [20] .
Production Possibility Set
According to the study of Färe's [21] , the production possibility set (PPS) is a set of possible DMUs and PPS which includes a set of inputs and outputs. In this paper, there are M desirable outputs, y = (y 1 , y 2 , · · · , y M ) ∈ R M + and I undesirable outputs b = (b 1 , b 2 , · · · , b I ) ∈ R I + by using N inputs x = (x 1 , x 2 , · · · , x N ) ∈ R N + and PPS is presented by P(x) which is a bounded closed set and is expressed as follows:
P(x) = {(y, b) : x can product (y, b)}, x ∈ R N + (1)
Then P(x) is required to meet three conditions as follows:
(1) The strong disposability of desirable outputs is also required, as follows:
if (y, b) ∈ P(x) and y ≥ y or x ≥ x, then (y , x) ∈ P(x), P(x) ⊆ P(x ) (2a)
(2) A weak disposability assumption needs to be imposed onto the PPS, as follows:
if (y, b) ∈ P(x) and 0 ≤ θ ≤ 1, then (θy, θb) ∈ P(x) (2b) ( 3) The null-jointness is assumed, as follows:
if (y, b) ∈ P(x) and b = 0, then y = 0 (2c)
The axiom in Equation (2a) implies that some desirable outputs can always be disposed of without any additional cost, and the output set will not shrink when the inputs used in production activities are increased. The axiom in Equation (2b) implies that any proportional contraction of desirable and undesirable outputs is also feasible if the original combination of desirable and undesirable outputs is in the PPS. The axiom in Equation (2c) implies that undesirable outputs always are produced when desirable outputs are produced in the PPS.
Malmquist-Luenberger Index
The directional distance function (DDF) is an important tool to measure output and input distances and get the optimal solution based on production theory [22, 23] . Hence, DDF was used to measure the optimal solution of the PPS. In this section, meta-frontier and ML index were combined to measure the environmental performance. The concept of meta-frontier was proposed by Hayami [24] to solve error problems of the single production frontier. This model generated a meta-frontier by enveloping three single group frontiers of different groups as shown in Figure 1 . Models under group frontier and meta-frontier were all built to measure the environmental performance. 
Then ( ) is required to meet three conditions as follows:
(3)The null-jointness is assumed, as follows:
The directional distance function (DDF) is an important tool to measure output and input distances and get the optimal solution based on production theory [22, 23] . Hence, DDF was used to measure the optimal solution of the PPS. In this section, meta-frontier and ML index were combined to measure the environmental performance. The concept of meta-frontier was proposed by Hayami [24] to solve error problems of the single production frontier. This model generated a meta-frontier by enveloping three single group frontiers of different groups as shown in Figure 1 . Models under group frontier and meta-frontier were all built to measure the environmental performance.
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Meta-frontier Current frontier In the model, ∈ is the input vector, ∈ is the expected output vector and ∈ is unexpected output vector. Cities were divided into three groups by two-step clustering as shown in the next chapter. The DMUs were assigned to the same set of technologies, as follows: In the model, x i ∈ R 4 + is the input vector, y i ∈ R 1 + is the expected output vector and b i ∈ R 3 + is unexpected output vector. Cities were divided into three groups by two-step clustering as shown in the next chapter. The DMUs were assigned to the same set of technologies, as follows:
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The P(x) can be defined as follows:
P j (x i ) represents the production possible set of the j group under the group frontier or meta-frontier. T j represents the technology set of the j group under different frontiers. The upper boundary of the P(x) is the frontier, so its DDF can be defined as follows:
Its technical efficiency and the relationship between meta-frontier (ML t M ) and group frontier (ML t G ) can be expressed as follows:
Under the frontier, the environmental performance index ML t,t+1 of a certain type of city is defined in the period from t to t+1. By using directional distance functions, the ML index can be decomposed as follows [20, 25] :
where ML t,t+1 represents the environmental performance change index under the frontier, MLTE represents technical efficiency at the time period, MLTG represents a technical gap between t and t+1 along the ray from the observation at different time periods, MLEC and MLTC represent the intertemporal change of efficiency and technology respectively. They indicate the intertemporal change ratio of the actual environmental performance level of a city to the environmental performance level under the production frontier. Additionally, If MLEC > 1, it means that the configuration of reasonable allocation of input and output indicators is optimized. If MLEC < 1, it means that the configuration of reasonable allocation of input and output indicators is poor. MLTC measures the degree of technological progress. If MLTC > 1, it means that the technical level is improved. In details, if ML > 1, it shows that the city's environmental performance has been improved. The ML index, the efficiency change index MLEC, and the technological progress index MLTC, greater than 1 respectively indicate the growth of urban environmental performance, the technological improvement, and the increased distance (the raised efficiency) of the evaluated city from the production frontier. Less than 1 respectively indicates the decline of a city's environmental performance, technical retrogression, and the reduced distance (the reduced efficiency) of the evaluated city from the production frontier.
Empirical Results
In this section, the data from 285 cities in China were clustered into three types using the two-step cluster method to ensure comparability. The urban environmental performances under the meta-frontier and group frontier were both evaluated dynamically to compare cities' rankings. Additionally, the urban economic growth was compared with the ML growth to identify the true economic achievement when combining both economic and environmental factors.
Data and Sources
The data used in this paper was collected in the China City Statistical Yearbooks from 2005 to 2013, which provide annual time series of four input and four output variables of 285 cities in China.
As the selection of variables should be performed in a scientific, systematic, and rigorous way rather than relying on subjective intentions, this paper therefore selected the input and output variables based on the principles of policy relation, comparability, data availability, and representability. Table 1 shows the selected variables from existing research studies.
It is notable that the number of variables depends on the number of DMUs and only matching between them can get the best results [26] . According to existing research, the number of DMUs should not be less than twice the total number of input and output variables [27] . In this paper, the literature review method was used to choose the input and output variables which refer to environment, economy and society as shown in Table 1 . Finally, eight variables were identified including input variables i.e., Labor (X1), Capacity Stock (X2), Water Consumption (X3), Energy Consumption (X4) and output variables i.e., GDP (X5), Industrial Waste Water Emissions (X6), SO2 Emissions (X7), and Dust Emissions (X8). Notably, the variables X6, X7, and X8 are unexpected outputs and means these outputs are negative results of urban economic activities. Figure 2 shows the data structure of the Input-Output variables system. Notably, the number of DMUs far exceeds the number of variables, which meets the principle of variable selection. 
In fact, each city is different with respect to economic growth, production technologies, and policy support levels. For example, from the perspective of environmental performance, cities with high production ability which means high energy consumption cannot be compared with cities with low production ability. This indicates that comparison among cities with different levels is inappropriate. Therefore, in this paper, the energy consumption per GDP was used to classify 285 cities into three types which show different technological levels under the group frontier [38] . By two-step clustering using SPSS software, 285 cities in China were partitioned into three clusters, of which the means of the energy consumption per GDP are 0.04, 0.11, and 0.43, respectively. These three types of cities were Sustainability 2018, 10, 862 6 of 16 named low energy intensity, medium energy intensity, and high energy intensity city as shown in Table 2 and Figure 3 . In fact, each city is different with respect to economic growth, production technologies, and policy support levels. For example, from the perspective of environmental performance, cities with high production ability which means high energy consumption cannot be compared with cities with low production ability. This indicates that comparison among cities with different levels is inappropriate. Therefore, in this paper, the energy consumption per GDP was used to classify 285 cities into three types which show different technological levels under the group frontier [38] . By two-step clustering using SPSS software, 285 cities in China were partitioned into three clusters, of which the means of the energy consumption per GDP are 0.04, 0.11, and 0.43, respectively. These three types of cities were named low energy intensity, medium energy intensity, and high energy intensity city as shown in Table 2 and Figure 3 . 
Environmental Performance under the Meta-Frontier
MAXDEA software was used to calculate the ML index and its decomposition indexes MLEC and MLTC, namely efficiency change (EC) index, and technological change (TC) index below. Among 285 cities, the ML indexes of 166 cities are greater than 1, which indicates that the urban environmental performances of these cities have been improved during the observation period. 
MAXDEA software was used to calculate the ML index and its decomposition indexes MLEC and MLTC, namely efficiency change (EC) index, and technological change (TC) index below. Among 285 cities, the ML indexes of 166 cities are greater than 1, which indicates that the urban environmental performances of these cities have been improved during the observation period. Table 3 shows the results of ML, EC, and TC indexes under the meta-frontier and group frontier in selected cities with higher and lower results during the period of 2005 to 2013. Within the type of Low and Medium Energy Intensity, cities with the highest growth of urban environmental performance are Hefei and Xiamen, increasing average 30% and 19.9%, respectively. The cities with the highest decrease of urban environmental performance are Pingliang and Yichun, decreasing average 27.1% and 25.8%, respectively. Within the type of High Energy Intensity, the urban environmental performances of all cities decreased averagely while the largest decline was 15.1% in Yangquan and the smallest decline was 0.6% in Shizuishan. Figure 4 shows the results of the ML indexes in three types of cities between 2005 and 2013. The ML indexes in low energy intensity cities are significantly lower than those in high and medium energy intensity cites which means the improvement of urban environmental performance in low energy intensity cities is insignificant. These results match the practice. For cities consuming smaller energy, the marginal utility of policies related to the environment is weakened. So it is difficult to improve the condition of urban environment significantly. Additionally, towards the end of the Chinese eleventh five-year plan (2006-2010) the urban environmental performance had a substantial increase but during the financial crisis in 2008, the economic recession led to a decline in growth rates, especially in low energy intensity cities. As for cities consuming medium energy, overall ML indexes remained stable over the period. From 2005 to 2007, the ML index jumped to more than 1 and then this figure remained steady at around 1 after 2007 as Figure 5 shows. However, in 2012 this index soared to 1.036. Table 4 shows the means of EC, TC, and ML, which are 1.003, 0.998, and 1.001. We can see that overall the EC index drove the increase of the ML index. It is clear from the first part of Table 4 and Figure 5 that the environmental performance in low energy-consuming cities fell and the ML indexes were less than 1 in most years. The change percentages of EC, TC, and ML index were −2.6%, 2.4%, and −0.3% respectively which means the EC index resulted in the decline of the ML index. Figure 5 . Indexes in three kinds of cities under the meta-frontier.
Environmental Performance under the Group Frontier
Under the group frontier, the EC, TC, and ML indexes were calculated in 285 cities. It was found that the ML indexes in 185 cities were more than 1, which means the urban environmental performance in these cities rose over the observed period. The right side of Table 3 shows the results 
Under the group frontier, the EC, TC, and ML indexes were calculated in 285 cities. It was found that the ML indexes in 185 cities were more than 1, which means the urban environmental performance in these cities rose over the observed period. The right side of Table 3 shows the results of ML, EC, and TC indexes under the group frontier in selected cities. In low energy intensity cities, the environmental condition of Hefei and Shenyang had a great improvement, increasing 32.2% and 20%, respectively. In contrast, Xiaogan and Yaan experienced a falling trend, declining more than 15%. Chongqing and Anyang, which are included in cluster 2, had a significant increase but Liaoyang and Huludao had a significant decrease. Similarly, for cities consuming high energy, the cities with positive performances are Wuhai and Panzhihua whose ML indexes are 1.095 and 1.030 and the city with the worst performance is Jinchang (ML index is 0.985) which means it performed with a decreasing trend for the environmental condition. of ML, EC, and TC indexes under the group frontier in selected cities. In low energy intensity cities, the environmental condition of Hefei and Shenyang had a great improvement, increasing 32.2% and 20%, respectively. In contrast, Xiaogan and Yaan experienced a falling trend, declining more than 15%. Chongqing and Anyang, which are included in cluster 2, had a significant increase but Liaoyang and Huludao had a significant decrease. Similarly, for cities consuming high energy, the cities with positive performances are Wuhai and Panzhihua whose ML indexes are 1.095 and 1.030 and the city with the worst performance is Jinchang (ML index is 0.985) which means it performed with a decreasing trend for the environmental condition. Under the group frontier, the mean of the ML index in high energy intensity cities is 1.012 and ML indexes are more than 1 in most observed periods. This trend means the environmental performance in this kind of city experienced an increase. The EC and TC indexes increased by 1.1% and 1% averagely and they all contributed to the growth of the ML index. It is clear from Table 4 and The bottom part of Table 4 shows that overall the ML index was relatively stable and the average increased by 5.7% in medium energy intensity cities under the group frontier. The EC index and the TC index rose by 2.2% and 3.4% which means they all played a positive role. Figure 7 shows the change of these three indexes in medium energy intensity cities under the group frontier. Under the group frontier, the mean of the ML index in high energy intensity cities is 1.012 and ML indexes are more than 1 in most observed periods. This trend means the environmental performance in this kind of city experienced an increase. The EC and TC indexes increased by 1.1% and 1% averagely and they all contributed to the growth of the ML index. It is clear from Table 4 The bottom part of Table 4 shows that overall the ML index was relatively stable and the average increased by 5.7% in medium energy intensity cities under the group frontier. The EC index and the TC index rose by 2.2% and 3.4% which means they all played a positive role. Figure 7 shows the change of these three indexes in medium energy intensity cities under the group frontier. Finally, in low energy intensity cities, the ML index fluctuated during the period but the mean (1.061) still remained increased, because the mean of the TC index increased by 7.4% although the EC index decreased by 1.3%. In detail, as it is shown in Figure 7 
Comparison between Different Frontiers
Under different frontiers, the results are compared in Figure 8 which shows the average ML indexes in high, medium, and low energy intensity cities. It is clear that the trends of the ML index under the meta-frontier and group-frontier are similar. Howeber, in most periods the ML index under the group frontier was higher than that under the meta-frontier in different kinds of cities. This means the environmental performance under the group frontier was overestimated and in the medium energy intensity group, this trend was more obvious. Apart from 2008, the gap between the meta-frontier and group frontiers was smallest in the low energy intensity group. This is because the technological levels in this kind of city were better. Different cities hold different technological levels, so the optimal sets of technology in different clusters are different which present different group frontiers. Under the group frontier, the highest average ML index occurred in the high energy intensity group. 
Comparison between the ML Index and GDP
GDP has been the main indicator used to evaluate economic growth of a city for many years. In this section, the relationship between GDP growth and the ML index growth is compared. Figure 9 compares the ML average growth rate with the GDP average growth rate over the period from 2005 to 2013 in some cities. The GDP growth rates of each city fluctuated between 0 and 0.3 which means the economic gaps between cities were not significant during the period from the perspective of the GDP in all 285 cities. Yet the ML index growth rates of these cities were between −0.3 and 0.3 which means the environmental performances gaps between cities were more significant. Additionally, in some cities such as Panjin, Yanan, Yichun, and Zhangye, the trends of GDP growth and ML growth were totally opposite which drove to rethinking on the evaluation of urban development. 
Discussions
Based on the results, some interesting issues are worthy of further discussions as follows:
(1) The ML indexes in 166 cities under the meta-frontier and 185 cities under the group frontier are more than 1, which indicates that the urban environmental performances in these cities were Figure 9 . The gap between the ML index and GDP.
(1) The ML indexes in 166 cities under the meta-frontier and 185 cities under the group frontier are more than 1, which indicates that the urban environmental performances in these cities were improved during the observation period. In most years the ML indexes under the group frontier were higher than that under the meta-frontier in different types of cities. This overestimation under the group frontier for high energy intensity cities is more obvious. Because production technologies in this type of city were not advanced, they had a lower technological frontier. This also means it is difficult to match the group frontier to the meta-frontier by improving the technological efficiency. However, narrowing the technology gap between different types of cities is a more efficient method to improve the urban environmental performance in China. (2) It is notable that the EC and TC indexes of cities with higher ML growth also remained with an increasing trend basically and the gap between these two indexes was smaller relatively. This indicates in these cities that resource allocation and structure were relatively reasonable, and technological innovation abilities were stronger. However, in these cities with decreasing environmental performances, at least one of its EC or TC index remained at negative growth which means the resource allocation and structure were unreasonable and the technological levels were lower. Thus, the balance between efficient improvement and technological promotion is significant for the overall increase in environmental performance. , government economic plans can lead to a significant change of the environmental situation. Additionally, in 2008 the ML index and its decomposed EC and TC experienced a decreasing trend when the global financial crisis occurred. Thus, strategic policies and huge crises should be considered as external factors when we evaluate environmental performance. (4) In most cities, the ML growth rates were significantly smaller than GDP growth rates and even totally opposite trends existed between these two indexes. This indicates it is not enough to evaluate the economic development of a city only by GDP. The energy consumption and the environmental performance are also important indicators to evaluate urban development from the sustainable perspective. So it is necessary to rethink the achievement of urban development by combining economy-related indicators and environment-related indicators.
Conclusions
Under the goals of sustainable development, environmental performance evaluation of a city needs to be continually improved and expanded. In this study, the research scope was extended to 285 prefecture-level cities, which expands traditional provincial analysis. A dynamic evaluation model was built to assess urban environmental performance over the period of 2005 to 2013. Additionally, the combination of ML index with frontier analysis was used to assess the change trends of urban environmental performance. Thedecomposition indexes efficiency change (EC) index and the technological change (TC) index were also used to identify the main reasons for different trends. Importantly, 285 cities were divided into three categories by the method of two-step clustering which increases the validity and the accuracy of the data comparison.
According to empirical results, we found that the ML indexes were overestimated under the group frontier compared with those under the meta-frontier. For evaluation units with obvious clustering features, ML analysis considering meta-frontier is a more efficient method to solve problems.
In addition, the growth rates of urban environmental efficiency were smaller in low energy intensity cities under both two frontiers. This indicates the marginal effects of environmental policies were weakened in this kind of city. In contrast, the increases of environmental performance were relatively larger in medium and high energy intensity cities. To solve differences between clusters, different policies relating to sustainable development should be considered to achieve city, region, and country sustainability. What is more, the gap between the ML index and GDP drives rethinking of the evaluation method on city development. This paper contributes to both method improvement and practical understanding by evaluating the environment in 285 cities from different perspectives.
Additionally, some specific suggestions are provided below. Narrowing the technological differences between the frontiers is an important way to improve the overall environmental performance. In detail, establishing an effective cooperation mechanism between different kinds of cities could narrow the differences and achieve a win-win situation to improve urban and even regional sustainability. Besides, the growth of the environmental performance (ML index) is affected by both technological change and efficiency change. All methods increasing desirable outputs and decreasing undesirable outputs could achieve improvement of the environment. For example, technological innovation is one of the most important ways to enhance environmental performance. Advanced technologies not only decrease the input, energy consumption but the undesirable output, emissions. In conclusion, support for research and policies related to technological innovation are necessary to narrow regional gaps of environmental performances and achieve overall sustainability for the government. For companies promoting innovation culture, increasing the intensity of technological research and responding to policies are all efficient ways to gain positive environmental outputs.
